Abstract-Among the approaches used to make serious games and learning environments enjoyable, two important ones are 1) adapting task difficulty to match user performance, which leverages the theories of zone of proximal development and flow and 2) providing a high degree of control and choice, which uses constructs from self-determination theory. However, it is not clear whether the two approaches lead to similar results or whether focusing on performance may lead to suboptimal enjoyment. This is relevant since, in addition to being performance-oriented, serious games and learning environments also need to be enjoyable to be effective. To address this issue, we evaluated two kinds of difficulty adaptation in a simple memory training game: one adaptation based solely on difficulty-performance matching and the other based solely on providing a high degree of control/choice. Our results suggest that neither approach is optimal: players enjoyed themselves the most in the control/choice mode, but performed the best in the difficulty-performance matching mode. Player behavior in the game suggests that a trade-off between maximizing performance and maximizing enjoyment could be achieved by a combination of the two approaches. However, long-term studies would be required to determine whether such a combination could indeed be effective.
I. INTRODUCTION
Computer-based games and learning environments are being increasingly used to facilitate learning, training and rehabilitation in an enjoyable way. Prominent examples are serious games [1] [2] [3] [4] [5] and intelligent tutoring systems [6] [7] . The attraction of using games and learning environments for training is that they can be augmented with dynamic difficulty adaptation that is able to adapt tasks to users' requirements in a personalized manner [8] , which can improve their functional effect [9] .
Many techniques to make serious games and learning environments more motivating have been based on two separate but related concepts in motivation theory, namely the zone of proximal development (ZPD) and the theory of flow. ZPD, originally proposed by Vygotsky [10] , is the gap between what a learner has already mastered (actual level of development) and what he or she can achieve when provided with educational support (potential development) [11] . An operational definition, given by [12] , is that ZPD is the zone of instructional interaction wherein the material given to the learner is neither too difficult nor too easy, so that the learner is neither too bored nor too confused. The concept of flow, introduced by Csikszentmihalyi [13] , postulates that motivation to do a task can be increased by matching the task difficulty to user performance, so that the user is neither overwhelmed nor bored. These two ideas have been used to adjust task difficulty of serious games and learning environments, so that the user remains in ZPD or the flow channel when performing the task. Examples include intelligent learning environments that keep track of learners' performance and provide guidance to keep the learners in ZPD [14] [7] [15] , and serious games that are augmented with adaptation mechanisms that try to match task difficulty to user performance [16] [17] [18] [19] .
In the landscape of motivation theories, self-determination theory (SDT) is another important work which has been applied to enhancing motivation in serious games and learning environments. SDT postulates that the basic psychological needs that foster motivation for tasks are autonomy, competence and relatedness [20] . Perceived competence has been found to be positively related to the state of flow [21] [22] and is thus affected by similar adaptation mechanisms as described above. In-game autonomy, on the other hand, is facilitated not by difficulty-performance matching, but by providing control/choice, which can lead to increased enjoyment [23] . Control/choice appear as a factor in other models of game enjoyment [24] , in making serious games more enjoyable [25] , in increasing motivation in computer-based educational activity [26] and as one of the elements that make instructional environments motivating [27] .
While previous research has been able to leverage the constructs of motivation theories to make games and learning environments enjoyable, most of the work has focused on either difficulty-performance matching (keeping users in flow/ZPD, satisfying the competence need of SDT) or on providing control/choice (satisfying the autonomy need of SDT). However, it is not clear whether the two approaches lead to similar results or whether focusing on performance may lead to sub-optimal enjoyment. This is extremely relevant since, while serious games and learning environments naturally aim to increase performance, they also need to be enjoyable in order to be effective [28] .
The present work seeks to address this issue by evaluating the effect of two kinds of difficulty adaptation in the same game: one adaptation based solely on difficulty-performance matching and the other based solely on providing a high degree of control/choice. The adaptation based on difficulty-978-1-4799-4823-9/14/$31.00 ©2014 IEEE performance matching was expected to keep the users in the ZPD/flow channel and thus maximize their performance while potentially increasing enjoyment. An adaptation based solely on a high degree of control/choice, on the other hand, was expected to maximize enjoyment while potentially increasing performance. While exploratory in nature, the present study could provide clues to making games and learning environments both enjoyable and performance-oriented.
II. MATERIALS AND METHODS

A. The Adaptation Modes
As previously mentioned, two important theoretical bases for increasing motivation have been difficulty-performance matching and providing control/choice. To evaluate their effects, two primary modes of adaptation were envisaged.
The first adaptation mode was designed to provide a high degree of control/choice by giving users the control to set values of difficulty parameters during the game. This would enable the users to regard their performance and behavior in the game to be under their own personal control and potentially increase their enjoyment. This is in contrast to the pre-set difficulty levels that users can select before starting a game, typically described by subjective terms like "easy", "medium", "hard". However, such subjective terms may not enable users to judge the actual task difficulty. In addition, users' skill level might change over the course of the gameplay, rendering pre-set difficulty level inadequate or overwhelming. Therefore, providing control at a high granularity could lead to sustained enjoyment in the game. This adaptation mode was termed userguided.
As a comparison to user-guided, a second adaptation mode was designed that focused on difficulty-performance matching. This adaptation mode, termed task-guided, automatically adjusted difficulty parameters of the game task to match performance of the user. We note here that the difficulty parameters available for change in user-guided were exactly the same as those available to task-guided. Temporally, the points at which users could change the parameters were also the same as when task-guided could change them. In this way, user-guided was analogous to task-guided. The task-guided adaptation mode was similar to the learner-centered adaptation described in [29] .
As a baseline against which to compare user-guided and task-guided, a third mode, termed random, was also included in the study, which would set difficulty parameters to bounded, random values, at the same time points as the other two modes.
With these three adaptation modes designed, we postulated two research questions:
RQ1. Is enjoyment significantly greater in any one adaptation mode than the others?
RQ2. Is performance significantly greater in any one adaptation mode than the others?
B. Experiment Design
The experiment was conducted with 24 healthy participants (mean age = 27.5, SD = 2.74; 19 male, 5 female). Participants were recruited via the university flyer board and their participation in the experiment was voluntary.
The participants played a simple serious game that contained a single task for memory training. In this task, participants were placed in a virtual living room, which contained some objects lying on the floor and several numbered locations, where the objects could be placed (Fig. 1) . The game was controlled using the keyboard (move front/back) and the mouse (turn, click on objects). The game was run on a 3.5 GHz Intel i7 computer running Windows 7 with 16 GB of RAM, coupled with NVidia GeForce GTX 670 graphics card, using a 24 inch LED monitor set to a resolution of 1920 x 1080. Participants were free to adjust the position of the monitor and the chair.
The task was to memorize a list of object names and location numbers, to find the objects and to place them in the appropriate location (Fig. 1 ). Once participants finished putting all objects in their correct location, a round was completed, and participants won virtual cash based on the number of objects (N), the number of times the list was viewed (M), and the number of times the list was viewable (L) as given by (1) .
Once participants finished a round, they had the option of "buying" a bonus object using their virtual cash. The bonus objects included things like a massage chair, a mountain bike, guitar, amplifiers, which were thought to be desirable objects, and could act as a factor of motivation. Subsequently, a new round was started. At all times during a round, participants also had the option to restart the round.
A repeated measures design was used, in which each participant played the game in all the 3 adaptation modes: user-guided, task-guided, and random. The experiment was conducted in 3 sessions, over 3 consecutive days, 1 session per mode. Each session lasted 40 minutes and was held at the same time of day, ± 1 hour. The order of the 3 modes was fully randomized, which resulted in 6 groups of combinations. The 24 participants were randomly divided into the 6 groups in single blind fashion.
C. Implementation of the adaptation modes
The adaptation modes described in section II-A worked on the following 2 difficulty parameters of the game task:
• Number of objects: The total number of objects in the current round.
• Number of times list is viewable: The total number of times participants could view the list of object names and location numbers.
The initial values for number of objects and number of times list is viewable were set to 5 and 2, respectively. These values were obtained from pilot tests which were conducted internally prior to the start of the experiment. The pilot subjects did not participate in the actual experiment.
In user-guided, after completing a round, the game presented a message to the participants, informing them of the formula that was used to compute how much cash they won, as given in (1). The game then asked participants if they wished to change the two parameters: number of objects and number of times list is viewable. At this stage, participants could either change one or both parameters, or choose to continue with the same parameters, after which a new round was started. The full procedure is given in Algorithm 2.
Task-guided increased the number of objects by 1 and decreased the number of times list is viewable by 1 if the participant successfully completed a round. On the other hand, the number of objects was decreased by 1 or the number of times list is viewable was increased by 1 if the participant had to restart a round. Both difficulty parameters were not changed upon round restart, in order to give participants the opportunity to finish the round with the same number of objects. Task-guided was kept simple in order to focus only on performance. Automatic adaptation, by its very nature, cannot fit all users, and it was deemed better to have a minimalist technique that increases and decreases difficulty in steps of 1. The full procedure is given in Algorithm 1.
In random, after completing a round, number of objects and number of times list is viewable were set to random values. The random values were generated prior to the start of the experiment and stored in a file. The same values were used for all participants, ensuring that there would be no divergence in motivation and performance on account of different values. The random values were bounded within the same range as in user-guided and task-guided. The full procedure is given in Algorithm 3.
D. Measures 1) Subjective Measures:
Motivational measures typically consist of self-report by users, in which users answer a questionnaire with items that have to be rated on a Likert scale, often from strongly disagree to strongly agree [30] [31] [32] . One such questionnaire is the Intrinsic Motivation Inventory (IMI) [33] [34] , which has been used and validated in many motivation studies [35] [36] [37] [38] [39] , and which was used in the present study.
After each session, participants were asked to fill in a questionnaire that consisted of the perceived enjoyment and perceived competence subscales of the IMI and the perceived challenge subscale of the Physical Education Learning Environment Scale (PELES) [39] . Each subscale consisted of 5 subjective questions, to be graded on a 7-point Likert scale, from 1 (not at all true) to 7 (very true), giving a total of 15 Algorithm 1 Task-guided adaptation //N = number of objects //L = number of times list is viewable //S = number of round restarts N ← 5; L ← 2; S ← 0; while true do if round completed successfully then questions. All the questions were adapted to be relevant to the present study.
At the end of the experiment, participants were asked to subjectively rank the three sessions in terms of perceived enjoyment, perceived competence and perceived challenge in 3 levels: most-, moderately-and least-. An example of a ranking would be: most enjoyed on Day 1, moderately enjoyed on Day 3, least enjoyed on Day 2. Since the group to which a participant belonged was known, the ranking of days was translated to a ranking of adaptation modes.
2) Performance: To evaluate the effect of the three modes on performance, game play was recorded in a log and analyzed post-game to derive the following metrics:
• List view time: This was given by:
Here, R is the number of rounds in a session, N i is the number of objects in round i and T i is the total time spent looking at the list in round i.
• Cash won: This was the total cash won in a session, which was computed according to the formula given in (1). The square term used in the formula was validated at the end of the experiment by relating number of objects in a round in task-guided with round completion time and list view time. Both were related to number of objects by a cubic polynomial (Fig. 2 and Fig. 3 ). There were two outliers, when number of objects was 11 and 14. The high times in the case of 11 objects were caused by one participant who spent an inordinate amount of time in that round. It was the last round in the session for that participant, and this high time could be a result of saturation in performance. In the case of 14 objects, the times going down can be accounted by the fact that there were only 2 participants who reached that far, and they were likely to be really good at the task. Also, the number of objects never went below 5 for any participant. Since round completion time and list view time were good indicators of the effort required to complete a round, the cubic relation with number of objects validated cash won as a performance metric.
3) Approach in user-guided mode: From pilot tests which were conducted prior to the experiment, it was found that participants in user-guided mainly used one of two approaches: either they were explicitly trying to maximize cash ("cash-seekers"), or they were trying to challenge themselves ("challenge-seekers"). Therefore, in the actual experiment, at the end of the user-guided session, participants were asked about the approach that they followed, and the amount of cash won by participants in the two groups was compared.
III. RESULTS
A. Subjective Measures
The answers to the 5 questions on the three subscales of perceived enjoyment, perceived competence and perceived challenge that participants answered after each session were averaged to give one real number value for each subscale, for each adaptation mode. Differences in the subscales were analyzed with a one-way repeated-measures analysis of variances with adaptation mode as the factor of interest. The Sidak test was used for post-hoc comparisons. The threshold for significance was set at p = 0.05. Perceived enjoyment was found to be significantly greater in user-guided than both task-guided and random, thus answering RQ1. Perceived competence was found to be not significantly greater in any of the 3 modes, and perceived challenge was found to be significantly greater in task-guided than both user-guided and random. Tables I and II summarize the full results. As a postanalysis check, Q-Q plots of model residuals were produced for the three subscales; the plots confirmed normality of the residuals. In order to visualize post-experiment rankings, numerical values were assigned to the answers. The answer "most-" was given a value of 2, "moderately-" was given a value of 1, and "least-" was given a value of 0. These values were averaged over all participants and plotted for the three modes, which is shown in Fig. 5 . The statistical findings of post-session questionnaire were reinforced here: enjoyment was greatest in user-guided and challenge was greatest in task-guided.
Group-wise, there were no significant differences in the motivation subscales between the six groups. Participants in the groups for which user-guided was on Day 1 (Groups 1 and 2) had, on average, a higher perceived enjoyment than other groups (Fig. 4) .
In general, participants seem to be motivated to play the game, and found the memory task to be interesting. Even though they were all healthy, several participants reported that it was challenging to form memorizing strategies at higher difficulty levels, especially in task-guided. A few participants in user-guided found the session duration of 40 minutes to be too little, and wanted to play longer so that they could challenge themselves further. 
B. Performance
Differences in performance metrics were analyzed with a one-way repeated-measures analysis of variances with adaptation mode as the factor of interest. The Sidak test was used for post-hoc comparisons. The threshold for significance was set at p = 0.05. Cash won and list view time were found to be significantly greater in task-guided than both user-guided and random. Cash won, being a function of the two difficulty parameters of number of objects and number of times list is viewable, was the objective performance metric. Therefore, cash won being greatest in task-guided answered RQ2. Table   TABLE II. SIGNIFICANCE VALUES FOR MOTIVATION SUBSCALES. III summarizes the full results. As a post-analysis check, Q-Q plots of model residuals were produced for the three metrics; the plots confirmed normality of the residuals.
Group-wise, there were no significant differences in any of the performance metrics between the six groups. Looking at the objective performance metric of cash won, participants in the groups for which user-guided was on Day 1 (Groups 1 and 2) won, on average, less cash than the other groups (Fig. 8) . 
IV. CONCLUSION
A. Enjoyment and performance
Various approaches have been used to make serious games both enjoyable and performance-oriented. The approaches that we considered in the introduction, flow/ZPD and SDT, broadly attempt to address the issue in two very different ways. Flow/ZPD tries to maximize performance by matching task challenge to user skill, which can potentially lead to increased enjoyment. SDT, on the other hand, begins in the other direction, by giving users the feeling of autonomy and competence, in order to maximize enjoyment, which can then potentially lead to increased performance. User-guided and task-guided, which were the two modes of adaptation based on SDT and flow/ZPD respectively, showed markedly different results for enjoyment and performance.
Enjoyment was found to be significantly greater in userguided than both task-guided and random (Table II) . Performance, on the other hand, as reflected in the primary objective measure of cash won, was significantly greater in task-guided than both user-guided and random (Table III) . It is true that task-guided had been designed explicitly to maximize performance, and the way the cash metric was computed depended heavily on the number of objects. However, it was expected that increased enjoyment in user-guided would spur users to set higher difficulty levels for themselves. In fact, the cash won in user-guided and task-guided was dependent on the approach that the participants used (Table IV) . The results in Table IV present a rather mixed picture. On average, challenge-seekers won more cash in user-guided than cashseekers. Cash-seekers played more rounds on average than challenge-seekers, but they also had fewer objects per round (Fig. 6 ). This suggests that cash-seekers used a strategy of cramming in as many rounds as possible in the 40 minute session, hoping to finish each round quickly by having few objects. Although this strategy did not translate into more cash, it does point to the fact that participants consciously set out to play the user-guided mode with a specific purpose and actively shaped their adaptation to fulfill the purpose.
On the other hand, in task-guided, cash-seekers did win more cash as compared to challenge-seekers. Since only 14 of the 24 participants could definitely say that they were using a particular approach, the numbers in Table IV must be interpreted with caution. Certain tentative conclusions, however, could be drawn. In user-guided, challenge-seekers used the flexibility of being able to set custom difficulty parameters to their advantage. Cash-seekers, too, tried to play the game with a certain strategy (more rounds, few objects per round). Had the game been able to advise participants about the cash they would win if they continued with their current strategy, there is a possibility that participants might have used the advice.
In task-guided, a possible reason for challenge-seekers winning less cash than cash-seekers could be because they were not comfortable with the game setting parameters for them. While these conclusions are tentative, it can be argued that providing the control to set difficulty parameters worked for some participants, and the game setting the parameters worked for others.
Looking at the other significant subjective measure, perceived challenge was significantly greater in task-guided than both user-guided and random. By comparing the number of objects in task-guided vs. user-guided for the first 12 rounds ( Fig. 7 ; the number 12 was chosen because only 3 participants played further), it can be seen that while the number increased almost linearly in task-guided, it reached a plateau in userguided. Participants set a lower number of objects in userguided and hence may have felt less challenged. The other performance metric, average list view time, was greater in task-guided than both user-guided and random. This can be explained by the fact that since in task-guided, number of list views rapidly went down to 1 (Algorithm 1), participants spent more time looking at the list. Intuitively, one can imagine that if you have one list view with 10 objects, and two list views with 5 objects each, the average list view time per object would be higher in the former case.
Group-wise, there were no significant differences in motivation and performance measures between the six groups. Average cash won, however, was less in the groups who had user-guided on Day 1 (Groups 1 and 2; Fig. 8 ). Participants in user-guided set a lower difficulty level than what the game set for them in task-guided (Fig. 7) . Participants with user-guided on Day 1 winning less cash, therefore, could be tentatively attributed to them not forming strategies to memorize locations of a large number of objects on Day 1, and thus not being "ready" for the higher difficulty levels that awaited them on Days 2 and 3. Enjoyment, on the other hand, showed the opposite trend, being higher in Groups 1 and 2 than the other groups (Fig. 4) , which could be due to participants enjoying all the sessions more once they had the chance to set difficulty parameters for themselves on Day 1. This highlights, to some degree, the dichotomy that exists between enjoyment and performance in serious games.
B. Implications for serious game design
In the introduction, we described difficulty-performance matching and providing control/choice as two approaches to maximize enjoyment and performance in serious games. Our results indicate that different in-game actions are needed for the two approaches, and that neither of them is optimal: players enjoyed themselves the most in user-guided mode, but performed the best in task-guided. This supports previous suggestions, for example by [40] [41] , that fun and learning might not be compatible and that players' desire for fun might detract them from learning. An important related consideration is the short-term vs. long-term learning effect of a serious game. While we did not expect and thus did not directly measure a learning effect in our study, the cash won could be considered as an approximation of the game's short-term learning effect (similarly to [42] ), which would suggest that maximizing performance would also maximize learning. However, the relative lack of enjoyment with such an approach could hamper long-term learning [28] .
It is our opinion that a trade-off between maximizing performance and maximizing enjoyment is needed to ensure both short-term and long-term learning in serious games. In our simple memory training game, one potential strategy could be a hybrid mode where users would have the control to set values of difficulty parameters, similar to user-guided. However, the game would advise users about how much cash they will win if they continue playing in the current combination of difficulty parameters. In this hybrid mode, short-term learning could be effected by advising users on ways to improve their performance, and long-term learning could be sustained by letting users retain the control to adjust difficulty parameters so that they enjoy playing the game. Additionally, by advising users on the amount of cash they would win, the game could help users form a strategy to win more cash. Assuming that the cash won does indeed reflect learning effect of the game, such helpfulness could foster enjoyment in users [43] .
The conclusions of this study must be taken with caution because of the simple nature of the serious game and the small sample size. Long-term studies would be required to determine whether a hybrid mode of adaptation could indeed provide both long-term enjoyment and long-term performance. Designing a hybrid mode could also be challenging for complex games and learning environments that contain more factors of enjoyment/performance than the simple single-task game considered in the present study, and that could be another avenue for future research.
